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Abstract—Coupled electro-thermal models are essential for 
the battery management system (BMS) to accurately predict the 
electrical and temperature dynamics of automotive batteries. 
Currently, an electrochemical model and a thermal model are 
developed and parametrised separately before being coupled 
together. A new procedure known as pulse-multisine (PM) has 
been developed that combines a multisine and a pulse signal, 
which allows for concurrent electrochemical and thermal 
parametrisation from the same experiements. A non-linear 
Equivalent Circuit Model and an analogous lumped parameter 
thermal model are parametrised and validated against 
automotive drive cycles. Despite the procedure requiring fewer 
experiments, the model has increased accuracy.  
Keywords—simultaneous parametrisation, battery management 
system, battery thermal maganagement system, pulse multisine, 
equivalent circuit model, lumped parameter thermal model 
I.  INTRODUCTION 
With ever increasing endorsement of legislation to reduce 
carbon emissions, such as the EU 2020 targets [1], and rapidly 
escalating concerns over local air pollution [2], the automotive 
industry is actively developing alternative technologies to 
reduce its dependence on fossil fuels [3]. Lithium ion batteries 
have become the prevailing choice for modern environmentally 
friendly vehicles due to their relatively high energy and power 
densities, long cycle life, lack of memory effect, and low self-
discharge rates [4]. 
Due to the wide operating voltage, lithium ion batteries 
require organic electrolytes, which are highly flammable and 
volatile [5]. In addition to safety concerns, the temperature 
sensitivity of the conductivity of the organic electrolyte makes 
lithium ion battery properties, such as internal resistance and 
capacity, more temperature dependent than other types of 
batteries [6]. Experiments performed at different ambient 
temperatures have revealed that the ageing rate has a strong 
temperature dependence, often described by the Arrhenius 
equation [7–10]. Operating cells at elevated temperatures 
(>25˚C) is known to accelerate SEI film growth on the anode 
and degradation of the cathode, leading to capacity fade and 
increased internal impedance [10], the latter producing more 
heat and accelerating ageing further in a positive feedback 
loop. It is therefore critical for the battery management system 
(BMS) to accurately predict the electrical and hence 
temperature dynamics of the battery. 
Coupled electro-thermal models vary in complexity. The 
electrical characteristics may be described by simple equivalent 
circuit models (ECM) [11–16] or PDE based models [17–20], 
whilst the thermal aspects can be captured by simple two state 
models [21–23] or complex thermal models that describe the 
temperature distribution of the cell [24–26]. Although the more 
complex models are highly accurate, they are difficult to 
parametrise and require large computational capabilities, 
rendering them unsuitable for control oriented applications 
such as BMS modelling. The electro-thermal model therefore 
needs to couple an electrical ECM with an analogical thermal 
model. 
Electro-thermal models available in the literature are 
characterised from separate experiments [13, 23, 27]. First the 
ECM  parameters are estimated from two experiments: an 
Open Circuit Voltage (OCV) test followed by either  
Electrochemical Impedance Spectroscopy (EIS) or Hybrid 
Pulse Power Characterisation (HPPC) methods. The second 
part is to estimate the thermal parameters from a separate third 
experiment.  
A new procedure known as pulse-multisine (PM) has been 
developed [28] that combines a multisine and a pulse signal, 
which allows for concurrent electrochemical and thermal 
parametrisation. This reduces the number of experiments 
required to develop the model.  
II. METHODOLOGY 
A. Pulse multisine 
Multisine excitations are commonly employed in system 
identification to measure the frequency response of a nonlinear 
system and have not been applied to lithium ion batteries until 
recently [29]. Instead of dividing the overpotential at a fixed 
time point by the magnitude of the current pulse to obtain the 
internal resistance of the cell, an equivalent circuit model 
(ECM) is fitted to a more dynamic (in amplitude and 
frequency) response. ECMs are a relatively simple lumped 
parameter model ubiquitous in estimation algorithms for 
describing lithium ion batteries electrochemical behaviour in 
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real time  [30–33]. Whilst this does increase the measurement 
calculation complexity, it improves the model accuracy [28]. 
Performing a least squares fit to the whole voltage response is 
also more robust than a simple division of two measurements. 
Furthermore the battery is excited with a more dynamic 
current signal, both in terms of amplitude and frequency, 
compared to the HPPC technique [28, 34]. This PM signal is a 
periodic signal that is generated by summing sinusoids, 
providing the researcher with the flexibility to alter the 
amplitude spectrum and harmonic content. In terms of the 
frequency spectrum, the signal provides a better representative 
estimate data set than a DC pulse, i.e. during operation 
automotive battery drive cycle demands are not simple square 
pulses but continuous signals containing a range of 
frequencies. In addition to improving model accuracy over the 
desired frequency spectrum, this characterisation approach 
covers a wide current range during a short excitation current 
signal, allowing a broad and more representative current range 
to be characterised. 
The PM signal allows for concurrent thermal 
characterization as it heats up the lithium ion battery by circa 1-
2˚C. The lumped parameter thermal model is fitted to the 
measured surface temperature during the PM signal.  
B. Models 
The coupled electro-thermal model is comprised of two sub 
models: a non-linear ECM (NL-ECM) and a lumped parameter 
thermal model. 
1) NL-ECM 
The NL-ECM consists of three components, i.e. a linear 
ECM, a nonlinear over-voltage function f(vl) and an OCV 
coupled with hysteresis as shown in Fig. 1. 
 
Fig. 1. Non linear equivalent circuit model 
The linear ECM is a second-order RC network model 
commonly used to decribed the terminal voltage of lithium ion 
batteries [35]. The nonlinear over-voltage function accounts for 
the Tafel relation in electrochemical kinetics, where a higher 
over-potential is required to sustain a given current density at 
low SoCs and temperatures [28]. The third component 
characterises the OCV and hysteresis as per the method 
proposed in [36]. 
2) Lumped parametmer thermal model 
The thermal model is a first order thermal model as shown 
in Fig. 2, where q is the heat generation rate [Js-1], θ1 is the 
surface temperature [K], R is the thermal resistance [KW-1], C 
is the heat capacity [JK-1], and θA is the ambient 
temperature.
 
Fig. 2. Lumped parameter thermal model 
The heat generation q in the cell is governed by the 
polarisation heat from joule heating and energy dissipated in the 
electrode potential [24], given by 
 q Iη=   (1) 
Where η is the overpotential (the difference between the 
OCV and the battery terminal voltage) calculated by the NL-
ECM and I is the input current. The effect of entropic heat 
generation is not included since it has been shown to be 
negligible at high C-rates for NCA batteries [37]. 
C. Structural Identifiability 
Given a model circuit diagram, it is possible to describe 
mathematically the exact relationship between the input and the 
output of the model. As this relationship depends on the model 
structure (i.e., the circuit diagram), it is simply referred to as the 
input/output structure. Usually, there are unknown model 
parameters in this relationship that need to be estimated from 
empirical data. Given an input/output structure and some 
proposed experiments to collect data for parameter estimation, 
structural identifiability analysis considers the uniqueness of 
the unknown model parameters. It is a purely theoretical 
method that assumes the data is perfect and noise-free [38, 39]. 
This is an important, but often overlooked, theoretical 
prerequisite to experiment design, system identification, and 
parameter estimation, since numerical estimates for 
unidentifiable parameters are effectively meaningless; 
unidentifiable parameters have an infinite number of possible 
numerical solutions. If parameter estimates are to be used to 
inform about charging and discharging strategies, or other 
critical decisions, then it is essential that the parameters be 
uniquely identifiable. Parameter-fitting software packages 
generally struggle when attempting to estimate nonidentifiable 
parameters; numerical optimisation algorithms may oscillate 
between numerous possible solutions, considerably reducing 
the confidence in the accuracy of the parameter values. 
Numerous techniques for performing a structural 
identifiability analysis on linear parametric models exist, and 
this is a well-understood topic [38–40]. The Laplace transform 
approach, or transfer function approach, is normally the 
method selected to analyse linear models; see [41] for a 
thorough discussion of this method. 
1) NL-ECM 
The NL-ECM utilised is nonlinear due to hysteresis and the 
nonlinear overvoltage function. The Laplace transform 
approach is not applicable to nonlinear systems. The structural 
identifiability of a simple second-order RC network with 
hysteresis has been established previously [42]. The nonlinear 
overvoltage function is also structurally identifiable since it is a 
sigmoid fit of measured vs modelled over-voltage. 
2) Lumped parametmer thermal model 
The first order thermal model can be described by the 
following input/output relationship: 
 1 1A
d qR
dt RC
θ θ θ+ −
=   (2) 
Given p is the r dimensional vector of unknown parameters 
[R, C], a second input/output map is generated by substituting p  
for p  in the original map, Equating the monomials of these 
two functions produces only one solution for the unknown 
parameters therefore the system is structurally globally 
identifiable. 
Similar analysis of a second order thermal model yields the 
following input/output relationship: 
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=   (3) 
Which is structurally unidentifiable from surface 
temperature measurements alone. Additional information, such 
as internal temperature, is required to parametrise the second 
order model uniquely. 
D. Experiments 
In this work the current to voltage relationship of five 
18650 3.03Ah LiNiCoAlO2 (NCA) batteries are modelled 
using pulse-multisine current signals. Model parameters are 
obtained over different SoCs and temperatures, a pulse-
multisine is applied at five SoCs which were, 10%, 20%, 50% 
80% and 95% and at four temperatures 0 °C, 10 °C, 25 °C and 
45 °C to parametrise the model. The surface temperature of 
each cell was measured using a K-type thermocouple.  
III. RESULTS 
A. Parametrisation 
The parameters for the NL-ECM have been published 
previously [28] and are not repeated for brevity. The global 
thermal parameters fitted simultaneously over five cells at five 
SoCs (10%, 20%, 50% 80% and 95%), and at four 
temperatures (0 °C, 10 °C, 25 °C and 45 °C) are shown in 
TABLE I. . Although in total 100 datasets were collected, the 
global thermal parameters were only fitted against 94 datasets 
since some datasets had to be discarded due to experimental 
issues such as thermocouples detaching from the cell surface. 
TABLE I. shows that the maximum error (fitted 
temperature vs measured temperature) is within the K-type 
thermocouple measurement accuracy of ±1.5°C. 
TABLE I.  FITTED THERMAL PARAMETERS 
Parameter Value 
Resistance R = 6.23 KW-1 
Conductance KT = 0.160 WK-1 
Capacitance C = 83.4 JK-1 
Root Mean Square Deviation 0.19°C 
Maximum error 1.39°C 
 
Fig. 3 displays a sample of ten datasets from the 
simultaneous fit and confirms excellent visual goodness of fit. 
All 94 datasets are not displayed for brevity.  
 
Fig. 3. Sample of simultaneous thermal model 
B. Validation 
The coupled electro-thermal model is validated with the US 
Environmental Protection Agency (EPA) Urban Dynamometer 
Driving Schedule (UDDS) [43] at 0˚C ambient temperature. 
The 1369 seconds signal is looped from 75% SoC until the cell 
is discharged to 0% SoC. The validation results are presented 
in Fig. 4. 
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Fig. 4. UDDS Validation drive cycle at 0˚C ambient temperature 
Fig. 4(a) shows the measured battery terminal voltage and 
the model prediction. The Root Mean Square Deviation 
(RMSD) is 52.9mV compared with 60.2mV for the PM method 
without the thermal feedback (12% improvement). 
Fig. 4(b) shows the measured battery surface temperature 
and the model predicted. The RMSD is 0.2˚C. 
IV. DISCUSSION 
The NL-ECM characterised with PM has previously been 
shown to have lower root mean square deviation and peak error 
when compared to a linear ECM estimated using pulse data 
[28]. Coupling the NL-ECM with a first order lumped 
parameter thermal model further improves the lower root mean 
square deviation and peak error for automotive drive cycles. 
Furthermore, the proposed model predicts cell surface 
temperature, which can be used by the BMS to monitor and 
reduce ageing effects and maintain the lithium ion cells 
efficiently within their safe operation window. Accurately 
predicting surface temperature also reduces the requirement to 
instrument each cell with thermal sensors in electric vehicle 
battery packs. 
The main advantage of this coupled electo-thermal model is 
that no further experiments are required since the thermal 
parameters are estimated from the same experiments required 
to parametrise the electrochemical model. In addition, the 
proposed coupled electro-thermal model is very fast to simulate 
and can be operated in real time within electric vehicle BMS, 
whilst providing improved accuracy to current models 
available in the literature. 
A. Further work 
Additional experiments are being performed on 
instrumented cells in order to couple the NL-ECM with a 
second order lumped parameter thermal model that is able to 
predict both the surface and the core temperature. 
V. CONCLUSION 
The coupled electro-thermal model proposed yields a 12% 
lower root mean square deviation and peak error when 
compared to a NL-ECM without thermal feedback and does 
not require any further experiments to estimate the thermal 
parameters since the PM method to characterise the NL-ECM 
is also used to parametrise the thermal sub model. 
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